Telemetry data provide a rich source of information on animals use of space, habitat pref-2 erences and movement behaviour. Yet habitat models fit to these data are blind to the 3 underlying behavioural context. Conversely, behavioural models accounting for individual 4 variability are too slow for meaningful analysis of large telemetry datasets. Applying new 5 fast-estimation tools, we show how a model incorporating mixed effects within a flexible 6 random walk movement process rapidly infers among-individual variability in environment-7 movement behaviour relationships. We demonstrate our approach using southern elephant 8 seal (Mirounga leonina) telemetry data. Seals consistently reduced speed and directional-9 ity (move persistence) with increasing sea ice coverage, had variable responses to chloro-10 phyll concentration and consistently reduced move persistence in regions where circum-11 polar deep water shoaled. Our new modelling framework is extensible and substantively 12 advances analysis of telemetry data by allowing fast and flexible mixed effects estimation 13 of potential drivers of movement behaviour processes. 14 Understanding animals' use of geographical and environmental space (i.e., where animals 18 are and why they are there) is one of the central aims of ecology (Rosenzweig, 1981). Move-19 ment is the key process that defines space-use at spatial and temporal scales relevant to 20 individual animals and telemetry is the predominant approach to observe this process 21 (Kays et al., 2015; Hussey et al., 2015). Inferences about the behavioural context of ani-22 mal movements, such as foraging, resting or predator avoidance, are often made by relat-23 ing movement behaviour to physical habitat features (e.g., Breed et al., 2017).
Introduction
This is mainly because complex mixed effects models (Thorson & Minto, 2015) applied to large time-series can be computationally demanding. 45 Here we present a modelling approach that takes advantage of fast, powerful estimation 46 tools provided by the relatively new R package Template Model Builder (TMB, Kristensen et al., 2016) . We illustrate a mixed effects modelling approach for animal tracking data the locations occur at regular time intervals, but other implementations can accommodate irregularly observed location data (Auger-Méthé et al., 2017) . 94 The time-varying move persistence model can be used to objectively identify changes 95 in movement pattern. The γ t 's are the behavioural index but unlike switching state-space 96 models (e.g., Jonsen et al., 2005) or hidden Markov models (e.g., Langrock et al., 2012) of 97 animal movement behaviour, these changes are modelled along a continuum (0 -1) rather 98 than as switches between a pre-specified number of discrete states.
99
Move persistence in relation to environment 100 To make inferences about the factors associated with these behaviours, we can model γ t as 101 a linear function of environmental predictors like proportion of ice cover, or other extrin-102 sic or intrinsic covariates measured at each location. With this approach, we replace the 103 random walk on logit(γ t ) (Eqn 2) with a linear regression of covariates on logit(γ t ): 104 logit(γ t ) = β 0 + β 1 m t,1 + · · · + β n m t,n
where β 0 , β 1 · · · β n are the fixed intercept and regression coefficients and m t,1 · · · m t,n are 105 the predictor variables. This model can be fit to a single animal track, or multiple tracks 106 could be pooled together. Typically, we wish to make inference across multiple individual 107 tracks and assess the extent to which relationships may differ among individuals.
108

Incorporating individual variability 109
To account for variation among individual responses to environment, we can expand Eqn 110 3 to a mixed-effects regression of covariates on logit(γ t ), embedded directly in the be-111 havioural model:
where the β's are the fixed-effect intercept and slope terms as in Eqn 3, b 0,k is a random handling and instrument attachment details can be found elsewhere (McMahon et al., 138 2000; Field et al., 2012; McMahon et al., 2008) . These data were sourced from the Aus-139 tralian Integrated Marine Observing System (IMOS) deployments at Iles Kerguelen and 140 are publicly available (http://imos.aodn.org.au). The tracks comprise a mixture of sea 141 ice foraging trips on or near the Antarctic continental shelf (12 seals; Appendix S1.1a) and 142 entirely pelagic foraging trips in sub-Antarctic waters (12 seals; Appendix S1.1b). Prior 143 to fitting the move persistence models, we used a TMB implementation of a state-space 144 model (Jonsen et al., 2005; Auger-Méthé et al., 2017) to filter the observed locations, ac-145 counting for error in the Argos telemetry, and to regularize the filtered locations a 12-h 146 time interval (see Appendix S1 for details).
147
We fit the move persistence model (mpm; Eqn's 1 and 2) to the SSM-filtered seal tracks.
148
To ascertain whether γ t adequately captures changes in the seals' movement patterns, we 149 compare the γ t -based behavioural index from the mpm to discrete behavioural states es- we fitted separate models to the ice and pelagic foraging trips. For the mpmm's, we specified 156 mixed effects models with random intercept and slopes to account for variability among 157 individual seals. We fit all possible combinations of fixed and random effects and use AIC 158 and likelihood ratios to find the best supported model for each set of tracks.
159
We examined 3 potential environmental correlates of elephant seal movement behaviour: in psu, saldiff). Sea ice and chl a data were obtained from the Australian Antarctic Data Centre (Raymond, 2014) . Salinity data were obtained from the World Ocean Atlas 165 (Zweng et al., 2013) . All three covariates were spatially interpolated to the same 0.1 x 0.1 166 degree grid covering the spatial domain of the 24 elephant seal tracks (Appendix S3.1).
167
The environmental data values were then extracted at each seal location from the SSM-168 filtered track data. As saldiff could not be calculated in areas where the bathymetry was 169 shallower than 600 m, we did not include this variable in the models fit to the seals mak- elling to the east (Fig. 2b ).
187
The γ t -derived behavioural index is comparable but not identical to the discrete be-188 havioural states estimated from the bsam SSSM ( Fig. S2.1 Atmospheric Administration. We also note here the need to incorporate location uncer-262 tainty when sampling environmental covariates from spatially gridded remote-sensing data.
263
This can be done using multiple imputation methods as implemented in momentuHMM R habitat accessibility surface and generating spatial predictions of animal behaviour condi-314 tional on this (e.g., Raymond et al., 2015) .
315
Our results show that TMB facilitates the fast estimation of multiple random effects Figure 1 : Example tracks simulated from the move persistence model with γ t set to a constant 0.01 (low persistence) (a), γ t set to a constant 0.99 (high persistence) and a time-varying γ t (c). Locations in c are coloured by γ t values with the random walk timeevolution of γ t displayed inset in c. Note the substantially different scales of movement across panels a -c, despite sharing the same process covariance matrix (Σ). See Appendix S1 for simulation code. Figure 2 : Maps of SSM-filtered southern elephant seal tracks originating from Iles Kerguelen. Ice-bound foraging trips (a) were predominantly directed to locations south of 60 • S, whereas pelagic foraging trips (b) are predominantly north of 60 • S. Each location is coloured according to its associated move persistence (see γ t scale bar) estimated from the move persistence model. Figure 3 : Fixed (red) and random (blue) effects relationships between move persistence γ t and the proportion of ice cover (a) and chlorophyll a concentration (b) for ice foraging seals, and between γ t and the salinity difference between 600 and 200m (c) for pelagic foraging seals. All three panels display both random intercept and slopes, as per the best ranked models in Tables 1 and 2. Spatial predictions of γ t based on the fixed effect coefficients for the best fitting models for ice foraging seals (d) and pelagic foraging seals (e). The γ t = 0.75 contour (black line) is displayed to aid delineation of predicted high move persistence (γ t > 0.75; green -yellow) and low move persistence regions (γ t ≤ 0.75; green -blue). The southern boundary of the Antarctic Circumpolar Current (d) and the Subantarctic Front (e) are displayed for reference (white lines).
